Abstract-Process mining, an emerging data analytics method, has been used effectively in various healthcare contexts including oncology, the study of cancer. Cancer is a complex disease with many complicated care requirements and there is an urgent need to improve the cost and clinical effectiveness of cancer care pathways. Process mining of the e-health records of cancer patients may play an important future role and this paper presents a literature review of process mining in oncology as a contribution to this research. The search produced 758 articles which were manually reviewed by title, abstract, and full paper text review to develop the original pool of papers. An in-depth ancestor search was used to gather additional articles from the references of the original pool. These steps resulted in 37 papers. Through a thematic review process, the papers were analysed and five themes emerged. These were: 1) process and data types; 2) research questions; 3) techniques, perspectives and tools; 4) methodologies; 5) limitations and future work. This review can: (i) highlight the potential value of process mining for improving cancer care processes (ii) provide a useful overview of the current work undertaken; (iii) help researchers to choose process mining algorithms, techniques, tools, methodologies and approaches; and (iv) identify research opportunities in this new field of study.
INTRODUCTION
Process mining is an emerging field which utilizes automatically generated event logs in information systems for data analytics. An event log contains time-stamped records of events which refer to activities undertaken for specific cases. Event logs may also store additional information about events such as resources linked to the activity, or data elements recorded with the event. Exploring the event log is a way to analyse the records of real activities within organisations. In process mining [1] , a process is typically modelled as a directed graph structure, in which the nodes represent transitions (i.e. events that may occur, e.g. MRI scan, chemo treatment) and places (i.e. conditions). The directed arcs describe which places are pre-and/or post conditions for which transitions (signified by arrows). To allow for events to happen in parallel (e.g. analysis of blood test, and MRI scan) the current state of a process may be represented by multiple nodes. Those process models can follow the notations of Petri nets or UML activity diagrams and Business Process Modelling Notation (BPMN), widely used in process improvement literature and practice [2] . This structure can then be used for further analysis, such as detecting deviations, repairing or enhancing the model.
Process mining has been applied to many fields including healthcare where it has contributed to improving quality of care, patient safety, patient satisfaction and optimization of resources [3] . Healthcare is characterized by highly complex and extremely flexible patient care processes (care pathways) and many autonomous, independently developed information systems [3] , [4] . Process mining offers the opportunity to develop deeper understanding of this complexity and, if applied to cancer patient records, may help improve cancer care pathways and outcomes for cancer patients.
Cancer is a group of diseases characterized by the uncontrolled growth and spread of abnormal cells. The World Cancer Report of 2014 [5] noted that "cancer is among the leading causes of morbidity and mortality worldwide" (page 16), with 8.2 million deaths in 2012 and approximately 14 million new cases. Oncologists have recognized for many years that cancer is not a single disease but a large group of diseases that can affect any part of the body [6] . There are at least 65 types of cancer [7] , which make the choices in cancer care pathways particularly challenging.
Cancer care is highly multidisciplinary, involving specialists from medical, surgical and radiation oncology, pathology, radiology, rehabilitation medicine, and many other disciplines. Cancer can be reduced and controlled by implementing evidence-based strategies for cancer prevention, early detection of cancer and management of patients with cancer. The optimum treatment of cancer should be supported by developing knowledge about the causes of cancer and the most effective processes for preventing and managing the disease. Exploring the event logs related to cancer treatment using process mining is a promising way to support the understanding and improving the quality of cancer care processes.
No systematic literature review has been previously published in process mining in oncology. Therefore, this paper presents a literature review that aims to support discussion on this topic by: (i) highlighting the potential value of process mining for improving cancer care processes (ii) providing a useful overview of the current work undertaken; (iii) helping researchers to choose process 291 2016 6th International Conference on Information Communication and Management 978-1-5090-3495-6/16/$31.00 ©2016 IEEE mining algorithms, techniques, tools, methodologies and approaches; and (iv) identifying research opportunities in this new field of study.
II. PROCESS MINING IN ONCOLOGY
Process mining has been proven to be useful in healthcare processes for discovering process models from event logs [3] , [8] for checking the conformance of these models to the logs [9] , [10] , and mapping networks of resources to processes [8] , [11] , [12] . The guiding principles and challenges were defined by an IEEE Task Force on Process Mining in the Process Mining Manifesto (2011) which aimed to "increase the maturity of process mining as a new tool to improve the (re)design, control and support of operational business processes" [13] (page 1). There are a range of process mining algorithms but most have problems when analysing event data from clinical workflows, either in failure to construct useful process models or in models which do not reflect reality, mainly because of incomplete and noisy input data [12] . Despite these flaws, process mining has potential in helping to understand everyday clinical workflows and their variations.
A previous literature review was completed by Eric Rojas et al [14] on process mining in healthcare. This identified 66 papers with associated case studies which were analysed according to 11 main aspects. In that paper, they found that the most process mining case studies in healthcare were in oncology. However, 6 of the 9 papers found refer to one oncology dataset which was made available for the Business Process Intelligence Challenge (BPIC) in 2011 [15] . There were therefore only four different oncology datasets at the time of the review. This finding suggests that there is still a great opportunity to use process mining in oncology with a wider range of datasets and clinical questions.
This paper reviews the current literature on process mining in oncology. It summarizes the existing publications by process and data types, research questions and methodology. The primary goal is to describe the current state of research on process mining in oncology and identify the future opportunities available.
To address the aims listed above, we posed the following questions in relation to each paper: Q1: What specific cases have been investigated in oncology? Q2: What research methods have previously been used in process mining implementation on oncology? Q3: What are the results of the previous research in process mining in oncology? Q4: What are the future research opportunities in this field?
III. RESEARCH METHOD

A. Search Process
The term 'process mining' was coined in 1998 by Wil van der Aalst [16] . The IEEE Task Force on Process Mining was then established in 2009 [13] to promote the topic of process mining. A search on 'process mining' alone would therefore not be optimal because it would not include work earlier than 1998. Similarly, there is no medical subheading (MeSH) term for process mining. To be effective the search therefore used other keywords which appeared frequently in the Rojas et al review [14] and highly cited process mining literature such as [12] . An exploratory review was performed to verify relevant keywords. Other phrases were also used and tested, such as workflow mining, process analysis and pathway mining, but had no effect on the search results. The final query used in this literature review was:
("process mining" OR "data mining" OR "machine learning" OR "pathway analysis") AND ("event log" OR "patient flow") AND ("oncology" OR "cancer").
The query was applied to PubMed, BMJ Open, Journals of Clinical Oncology, ACM DL and Google Scholar.
Checking the inclusion criteria was done through three steps (see Figure 1 ), which were: title-based checking, abstract-based checking, and full-text checking. In each step, an article was excluded from the pool if it was: (a) a duplication of other papers in the pool, or (b) not a peerreview conference paper or journal article, or (c) not relevant to process mining in oncology. In every step, a cautious filtering approach was implemented where a paper was excluded only if there were strong evidence that it was not relevant. If there were not enough information in the title or the abstract, respectively, the article was passed to the next step. The references of papers that passed the full-text checking were then investigated in an ancestor search to identify any possible additional relevant papers. The final set of papers was used for a thematic analysis.
B. Quality Assessment
To guarantee the quality of the search process a series of activities were undertaken. The initial query-based searching, analysis and evaluation of the articles were done manually by the first author. The query-based searching was done in July 2016. The Google Scholar search used Incognito Mode, a privacy feature which avoids bias in the search resulting from prior browsing history and automated recommendations that can confound search results [17] , [18] . The co-authors supervised and verified all steps in the study, including the establishment of research strategies and review of the documents.
IV. RESULTS
The number of retrieved articles for each search engine is presented in Table I . All other search engines returned a subset of the 758 papers found by Google Scholar. The title-based checking reduced the number of articles into 234, while abstract-based checking reduced them further into 97, and full text checking as the final checking step keep 33 papers in the pool. Table II shows the number of articles resulted from each step. The 37 papers were published between 2008 and 2016 (Table III) . There were a number of papers which did discuss process mining before 2008 but none of these focused on oncology and therefore had been excluded. The availability of the BPIC 2011 dataset contributed to an increase in number of articles in 2013 onwards. The results demonstrate a small but steady increase in interest in process mining in oncology. 
A. Thematic Analysis
The first author read all 37 papers selected in the pool and identified common themes which were categorised and reviewed before being used for subsequent analysis. The five themes that emerged were: (1) process and data types; (2) research questions; (3) process mining perspectives, types and tools; (4) methodologies; (5) limitations and future work. The process and data types were further categorised for more detailed analysis. Research questions were similarly reviewed. Process mining perspectives, types and tools are the main theme in this review and an understanding of the gaps in the current literature will benefit other researchers. The papers were checked to see whether they follow one or more of the three perspectives suggested for process mining [1] (control-flow, performance and organizational perspectives) and one or more of the three types of process mining (discovery, conformance checking, and enhancement). The stated methodologies were analysed to identify whether the research followed a well-established methodology or was proposing a new methodology. The last theme examined limitations and future work including opportunities for future research in this field.
B. Process and Data Types
Processes analysed in the papers were coming from two general types, which were medical treatment processes and organizational processes [19] . To analyse these processes the researchers extracted data from administrative systems, clinical support systems, healthcare logistic systems, or automatically from medical devices.
The most commonly used dataset was from the Business Process Intelligence Challenge (BPIC) 2011 [15] which was used by 24 of the 37 papers (see Table III ). This dataset is an anonymised event log from a Dutch Academic Hospital, containing 150,000 events for 1143 cases, each case being a patient attending the Gynaecology Department. Fig. 2 (below) shows an analysis based on cancer type. The most common being gynaecological cancer (24 papers) -all of which used the BPIC dataset. Of the other papers these covered breast cancer (4), colon, gastric and lung cancer (3 papers on each), rectal cancer (2), and bladder, cervical, head and neck, and skin cancer (1 paper on each). A complete list of data sources being used is available in Appendix 1. 
C. Research Questions
Most of the papers were working on answering research questions on the applicability of process mining in healthcare domains, specifically oncology. Some papers used oncology as a case study (or one of several case studies) to prove the concept being proposed, and others tried to solve problems in the dataset using different kinds of techniques.
Seven papers concern problems with heterogeneity in the data [11] , [20] - [25] . Seven papers used declarative process mining and its enhancements [26] - [32] . Declarative process mining involves identifying possible execution paths for bridging event data reflecting the clinical reality and clinical guidelines describing best-practice. Two papers concerned the analysis of process anomalies and exceptions [33] , [34] , and some others concerned common pathways [35] - [38] . Problems and challenges of process characteristic issues and event log quality issues were well discussed in three papers [39] - [41] .
Those research questions represented possible healthcare analysis supported by process mining [14] , [42] : What happened: identifying the need to discover the process executed and its activities Why did it happen: understanding the activities and circumstances characterizing the situation/ action What will happen: identifying the circumstances of when or how a specific activity will take place What is the best that can happen: identifying possible steps towards specific improvements
D. Process Mining Techniques, Perspectives, and Tools
According to van der Aalst [43] , there are three different perspectives in process mining: control-flow, performance, and organizational. Control-flow perspectives focus on the ordering of activities, performance perspectives test the performance of processes being analysed, and organizational perspectives analyse the working relations between parties in the process. There are also three main types of process mining: discovery, conformance, and enhancement [43] . Discovery builds a process model based on an event log. Conformance checks the conformance of the model discovered to the event log. Enhancement aims to extend or improve an existing process model using information about the actual process recorded in some event log.
All identified papers have applied at least one perspective and one type of process mining. All papers except one [39] discussed the control-flow perspective. Most of the papers (27 of the 37) discussed the performance perspective, but only 5 discussed the organizational perspective [3] , [11] , [23] , [44] , [45] . All papers, except two [35] , [39] , studied discovery from a control-flow perspective. Of these two, Ramezani et al. [35] presented an approach to facilitate creating and understanding formal compliance requirements by providing configurable templates using question trees and natural language. Rojas et al. [39] described several classes of process characteristics and data quality problems. Most of the papers (27 of the 37) applied conformance checking, but there were 8 papers applied enhancement.
In terms of tools being used, 24 papers using the ProM toolkit (www.promtools.org) [46] . The ProM toolkit is a defacto standard in process mining research community and can be combined with other tools, such as GATE developer, WordNet, R, R Studio, and Java [25] , Tilde, Alchemy and BUSL [47] . Other papers proposed their own tool [36] , [38] , [40] , [48] - [53] . In case studies other than oncology, process mining has also been implemented using the DISCO commercial tool (www.fluxicon.com/disco), such as in [54] - [56] . Fig. 3 illustrates how process mining perspectives, types and tools were discussed in the papers. 
E. Methodologies
In the Process Mining Manifesto [13] , van der Aalst et al suggested the L* life-cycle model describing a typical process mining project. This model consists of five stages: plan and justify, extract, create control-flow model and connect event log, create integrated process model, and operational support. Only one paper [57] clearly mentioned the L* lifecycle model as the methodology being used in the study. This implies limited awareness of a methodology proposed specifically for implementing process mining.
In general, the papers proposed new algorithms and/ or techniques in process mining implementation and used a common methodology to introduce the problem -they described a solution supported by the proposed algorithm/ techniques, and introduced a new prototype or plug-in implementing the proposed algorithm / techniques. These were then applied to their case studies. The eleven papers following this general methodology were [22] , [27] , [30] , [32] , [34] , [35] , [41] , [47] , [48] , [58] - [60] .
The methodology followed by the other ten papers [3] , [11] , [20] , [29] , [34] , [37] , [40] , [44] , [61] , [62] was using available plug-ins and/ or functionalities in existing tools to solve the problem in their case study.
F. Limitations and Future Work
Limitations identified in the literatures can be classified as data, techniques, and team limitations. Data limitations were identified in ten papers [20] , [22] , [33] , [36] , [37] , [44] , [48] , [57] , [60] and were mostly related to limited access to the data, data quality problems, attributes not available in the data being extracted, or the dataset available in inappropriate level of details. Technique limitations were identified in 13 papers [3] , [21] , [28] , [31] , [35] , [38] - [40] , [48] , [50] , [52] , [63] , [64] specifically if the study undertaken was done by implementing plug-ins/ functionalities available in tools. Team limitations were identified in two papers [11] , [23] because the authors realize that they need medical domain experts to be included in the research team.
Future work suggested in the papers followed the same classification as the limitations, namely data, technical, and team improvements. Some papers identified data improvements [28] - [30] , [36] - [38] , [48] , [57] , [64] in terms of improving data quality, dimensionality, and complexity. A larger number of important technical improvements were identified in 20 papers [3] , [21] - [23] , [29] - [31] , [35] , [39] - [41] , [44] , [48] - [52] , [58] , [60] , [64] . These were to:
Develop new mining techniques to obtain understandable, high-level information Implement clustering to view process variations better Consider medical correctness and relevance by a professional Elaborate networked graph visualizations and integrate with existing process discovery techniques Optimise the performance of the proposed technique Make the proposed framework suitable to be used in online settings Team improvements identified in three papers [11] , [23] , [35] related to the multi-disciplinary nature of oncology treatments which required the research team to be expert in healthcare domain and technical domain as well.
V. CONCLUSION
Process mining is an emerging data analytics method which can benefit healthcare experts, allowing them to find process improvement opportunities. In oncology, this is especially important because oncologists and other experts from multidisciplinary fields can develop a better understanding of current care pathways in order to identify opportunities to improve the quality of cancer care. This paper provide a useful bibliographic survey which gives an overview of background ideas, processes, methodologies, results and findings of current research in process mining in oncology. Some limitations and future work were identified and these should serve as a motivational guide to stimulate insights for future improvements in this field. 
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